ABSTRACT Background: It has been suggested that metabolomics could play a role in dietary assessment and identification of novel biomarkers of dietary intake. Objective: This study examined the link between habitual dietary patterns and metabolomic profiles. Design: A total of 160 volunteers participated in a double-blind, randomized, placebo-controlled dietary intervention. We collected biofluids and recorded 3-d food diaries. Food data were reduced to 33 food groups, and a k-means cluster analysis was performed to identify dietary patterns.
INTRODUCTION
The interactive links between diet, lifestyle, and genetics and risk of chronic diseases have been the focus of international research efforts over decades. Diet is considered one of the major factors that contribute to the rapid increase in the incidence of metabolic disorders such as obesity, diabetes, and cardiovascular disease. Reliable dietary assessment methods are crucial when attempting to understand the links between diet and chronic disease profiles. There are a variety of methods available to assess diet including 24-h recalls, weighted food diaries, and foodfrequency questionnaires. The accuracy of food intake data can be influenced by random and systematic errors such as energy underreporting (1) . It is well accepted that advances in dietary assessment methods are necessary for progression in this area.
Traditionally, diet-related epidemiology studies have focused on single nutrients and dietary components in their analysis of dietary intake data. However, there has been a shift to use dietary pattern analysis in an attempt to uncover complex disease processes that are more likely related to a combination of dietary factors (2) . Several studies have reported associations between dietary patterns and various disease risk markers (3) (4) (5) (6) (7) and clinical endpoints such as incident coronary artery disease and diabetes (8) . Despite the growing use of an analysis of patterns in nutritional epidemiology, further progression is required to overcome certain issues such as the effect of subjectivity, correct incorporation of subpopulations, and translation to public health messages (9) (10) (11) .
In another move to gain more meaningful information from dietary intake data and to overcome problems associated with measuring dietary exposure, nutritional epidemiologists began examining biomarkers as measures of dietary intake and nutrient status (12) . Considering the importance of a multitude of factors (eg, lifestyle, physiology, diet, biological sample, gene-dietnutrient interactions) in the application and validity of dietary biomarkers, the inclusion of a holistic approach to dietary biomarker identification with the capacity to capture genetic, phenotypic, and environmental influences is desired.
Metabolomics offers potential in the area of nutritional assessment as it measures a range of small molecules present in a biological system that, when combined with multivariate statistical analysis, can characterize the physiologic state of several different biofluids (12) (13) (14) . The main focus of nutritional metabolomics research has been to 1) define normal physiologic variation and 2) look at changes in metabolomic profiles as a result of specific dietary interventions. However, a recent application has shown its potential in the identification of dietary biomarkers (15) . The aim of this research was to investigate the link between habitual diet and 1 H nuclear magnetic resonance (NMR) metabolomic and fatty acid profiles.
SUBJECTS AND METHODS

Study design
The project was approved by the Human Research Ethics Committee at the University College Dublin and University College Cork. All procedures were conducted according to the principles expressed in the Declaration of Helsinki. Written informed consent to participate in the study was obtained from all subjects. This research was part of a 2-center, double-blind, placebo-controlled, dietary intervention study. In brief, 193 freeliving whites were recruited at University College Dublin and University College Cork in 2 phases in April 2007 (spring) and November 2007 (autumn). All volunteers attended a screening session at which their heights and weights were measured and fingerprick blood samples were taken to measure hemoglobin. Exclusion criteria included subjects with a body mass index (BMI; in kg/m 2 ) ,18.5 or .30.0, iron deficiency anemia (hemoglobin concentrations ,12 g/dL for men and ,11 g/dL for women), any chronic or infectious disease and any prescribed medication for such (contraceptive pills were permitted), pregnant or lactating women, and persons using hormone replacement therapy. A total of 160 volunteers participated in a dietary intervention with biofluids collected at 2 time points, and dietary data were recorded over a 3-d period during the intervention (see "Supplemental data" in the online issue for details of the intervention). Briefly, after successful completion of screening, participants provided written informed consent to participate in the study and were randomly assigned to 1 of 4 treatment groups according to age and sex. The 4 treatment groups were defined as follows: treatment group 1 received daily vitamin D 3 (15 lg) and a probiotic (Lactobacillus salivarius 10 9 colony-forming units/5-g sachets suspended in maltodextrin); group 2 received daily vitamin D 3 and a placebo probiotic (maltodextrin); group 3 received daily a vitamin D 3 placebo and probiotic; and group 4 received daily vitamin D placebo and a probiotic placebo. The current article focused on dietary data and biofluid analysis.
Biofluid collection
On the day before sample collection, subjects were instructed to exclude any fish or alcohol from their diet. They were asked to abstain from medication and to avoid any strenuous physical activity. Food and activity diaries were completed to monitor compliance. On the morning of sample collection after a 12-h overnight fast, volunteers collected a first-void urine sample, which was immediately placed on ice and brought to the test center. Urine samples were centrifuged, and five 1-mL aliquots were stored at 280°C for analysis. Blood for NMR analysis was collected in tubes that contained lithium heparin, whereas samples for fatty acid profiling were collected in EDTA-coated tubes (Benton Dickson, Oxford, United Kingdom). All samples were inverted 8 times, placed directly on ice, and processed in 1 h. Samples were centrifuged at 1800 · g for 10 min at 4°C, and 500-ll aliquots were stored at -80°C until subsequent analysis.
Fatty acid profiles
Total plasma lipids were isolated by using the method derived by Bligh and Dyer (16) . Lipids present in the organic phase were dried under nitrogen. Methyl esters were prepared by the addition of 1 mL methanol and 1 mL 14% boron trifluoride in methanol and were incubated at 100°C for 60 min. The resulting methyl esters were extracted with 2 mL hexane and 2 mL deionized water. After centrifugation (at 744 · g for 5 min at 10°C) the top layer that contained fatty acid methyl esters (FAMEs) in hexane was removed. This step was repeated to optimize the extraction. Samples were dried under nitrogen, and the resulting methyl esters were dissolved in 500 lL hexane for analysis. The FAME composition of total plasma lipids was analyzed with a Shimazdu gas chromatography (GC) system (GC 2010; Mason Technologies, Dublin, Ireland) equipped with a flame ionization detector, GC solution software (release 2.21), and a fused silica capillary column Omegawax 250 (30 m · 0.25 mm inner diameter, 0.25 lm film thickness; Supleco, Bellefonte, PA). Helium was used as the carrier gas with a flow of 0.8 psig. The injector and the flame ionization detector were kept at a constant temperature of 250°C. The column oven temperature was held at 215°C. A total of 1 lL of the sample was injected into the GC, and the total run time was 45 min. Fatty acids were identified by comparing the relative retention times with FAME standards polyunsaturated fatty acid -2, polyunsaturated fatty acid-3, and heptadecanoic acid (C 17) (Supleco) and subsequently quantified.
Dietary assessment
Dietary intakes were assessed by the use of 3-d estimated food record, which included 2 weekdays and 1 weekend day. Food diaries were completed at week 2 of the 4-wk dietary intervention. Subjects were instructed by the researchers how to assess portion sizes and complete the records. On completion, researchers reviewed the diary recordings, checked for completeness, clarified the quantities of food and drink consumed with a photographic food atlas developed by the Food Standards Agency (London, United Kingdom), and obtained any further information required. Food diaries were coded, and data were entered into the Weighed Intake Software Program (WISP-DES V3.0; Tinuviel Software, Anglesey, United Kingdom) for analysis. The Weighed Intake Software Program used data from McCance and Widdowson's The Composition of Foods plus supplemental volumes to generate nutrient intake data (17) .
Underreporters were identified as having a ratio of energy intake to basal metabolic rate 1.04, which was calculated by using the Goldberg equation (18) . The identified underreporters (n = 27) and individuals missing food diaries (n = 8) were removed from further analysis.
Food groups
Individual foods and food ingredients were aggregated into 33 food groups on the basis of previously published research (19) . Groups were formed according to nutrient composition and culinary use; some foods comprised their own groups (eg, eggs and potatoes). Other foods were separated into full-and reducedfat groups (eg, low-fat spreads and butter and spreads). Two beverage groups were created to differentiate between the types of beverages consumed as follows: low energy (eg, water, tea, coffee, sugar-free drinks, and sugar-free fruit-based concentrate drinks) and high energy (eg, soft drinks and fruit-based concentrate drinks). Whole milk, low-fat milk, and fruit juices remained in separate food groups. To derive patterns proportional to energy intakes, food-group intakes were converted to percentages of daily energy intakes for cluster-analysis procedures.
Identification of dietary patterns
Cluster analysis was performed by using the k-means cluster algorithm in SPSS version 15.0 for Windows (SPSS Inc, Chicago, IL). Before clustering, all food-group data were transformed into standardized z scores. The k-means method assumed a certain number of clusters, k, fixed a priori, and produced a separation of the objects into nonoverlapping groups that came from Euclidean distances. Cluster membership was exclusive and dependent on minimizing the Euclidean distance within each cluster and maximizing differences between clusters at each step of an iterative procedure. Thus, a cluster represented a group of individuals who consumed a similar dietary pattern.
NMR spectroscopy
Urine samples were prepared by the addition of 200 lL phosphate buffer (0.2 mol KH 2 PO 4 /L, 0.8 mol K 2 HPO 4 /L) to 500 lL urine. After centrifugation at 8000 · g for 5 min, 10 lL sodium trimethylsilyl [2,2,3,3-2 H 4 ] proprionate (TSP) and 50 lL D 2 O were added to 550 lL supernatant fluid. Spectra were acquired on a 600-MHz Varian NMR spectrometer (Varian Limited, Oxford, United Kingdom) by using the first increment of a nuclear Overhauser enhancement spectroscopy pulse sequence at 25°C. Spectra were acquired with 16-K data points and 128 scans over a spectral width of 9 kHz. Water suppression was achieved during the relaxation delay (1 s) and the mixing time (200 ms). All 1 H NMR urine spectra were referenced to TSP at 0.0 parts per million (ppm) and processed manually with Chenomx software (version 6; Chenomx, Edmonton, Canada) by using a line broadening of 0.2 Hz. Spectra were integrated into bins consisting of spectral regions of 0.04 ppm with Chenomx software (version 6). The water region (4.0-6.0 ppm) was excluded, and data were normalized to the sum of the spectral integral.
Plasma samples were thawed for 1 h at room temperature and centrifuged at 1000 · g for 2 min. Samples were prepared by the addition of 250 lL D 2 O and 10 lL TSP to 300 lL plasma. Spectra were acquired on a 600-MHz Varian NMR spectrometer (Varian Limited) by using a Carr-Purcell-Meiboom-Gill pulse sequence with 32-K data points and 64 scans.
1 H NMR plasma spectra were processed manually with Chenomx software (version 6) and were phase and baseline corrected. The spectra were integrated into bins consisting of spectral regions of 0.04 ppm. The water region (4.0-6.0 ppm) was excluded, and data were normalized to the sum of the spectral integral. Discriminating metabolites were identified by using libraries of pure metabolites developed in house and the Chenomx database library. In addition, the interrogation of 2-dimensional NMR spectra of urine was used to aid identification.
Statistical analyses
Statistical analyses were performed with SPSS version 15.0 for Windows (SPSS Inc). Chi-square statistics were used to explore sex distributions across dietary clusters. Differences across dietary clusters were established by using one-factor analysis of variance. When statistically different effects were identified (P , 0.05), comparisons were made by using the Bonferroni post hoc multiple-comparison test. Linear regression analysis was also used to investigate the relation between urinary metabolites and dietary intakes. When significant relations were identified, metabolite concentrations were compared across percentiles of food-group intake by using analysis of variance.
Multivariate data analyses was performed with Simca-P+ software (version 11.0; Umetrics, Umeå, Sweden). Data sets were scaled by using Pareto scaling for plasma data and unit variance scaling for urine. Principal components analysis (PCA) was applied to data sets to explore any trends or outliers in the data. The difference between dietary patterns was further explored by using partial least-squares discriminant analysis (PLS-DA). A scores plot was created to visualize the PLS-DA model, and the corresponding loadings provided information on the contribution of 1 H NMR spectral regions to the separation of biochemical clusters. The variable importance in the projection (VIP) value of each variable in the model was calculated to indicate its contribution to the classification of samples. Variables with a VIP value .1.5 were considered important in discriminating between groups. The PLS-DA models were validated externally by randomly selecting three-quarters of the samples to be used as a training data set with the remaining samples acting as a test data set. The class of each sample in the test data set was predicted on the basis of the model built from the training set. This was repeated until all samples were predicted.
RESULTS
In total, 75 men and 85 women, aged between 18 and 63 y, were randomly assigned to the study. After exclusion of 35 individuals because of missing food diaries or underreporting of energy intakes, the sample consisted of 125 participants (72 women and 53 men). The mean age of the study group (n = 125) was 35 6 12 y for men and 36 6 12 y for women. Men had significantly higher mean (6SD) BMI (24.70 6 2.98 compared with 23.19 6 2.76) and energy intake (11.42 6 2.28 compared with 8.45 6 2.00 MJ/d) than did women.
Identification of dietary clusters
Three clusters were identified and characterized on the basis of the food groups that were distinct contributors to the total energy intake in each cluster. The distribution of food groups across the 3 clusters in shown in Table 1 . Cluster 1 was characterized by a significantly higher energy contribution from whole-meal bread, whole milk, fish, confectionary, and ice cream and desserts and a lower contribution from low-energy beverages. Cluster 2 had a higher energy contribution from foods such as savory snacks, low-fat milk, yogurts, fruit, poultry, and sauces and a lower contribution from high-energy beverages. Cluster 3 contained higher contributions of white bread, sugars and preserves, butter and spreads, red meat, red-meat dishes, meat products, and alcohol and a lower contribution from vegetables compared with the other clusters.
The 3 dietary patterns differed significantly with respect to sex distribution, but there was no significant difference in age or BMI across clusters ( Table 2) . Mean intakes of all macronutrients and some micronutrients that were significantly different between clusters are highlighted in Table 2 . Total energy, carbohydrate, and fat intakes were not significantly different across dietary clusters. Cluster 2 was characterized by significantly higher intakes of protein, sugars (g), potassium (mg), magnesium (mg), and vitamin C (mg) and a lower starch (g) intake. Cluster 3 had significantly higher intakes of alcohol and sodium (mg) than did the other 2 clusters and the lowest intake of fiber (g).
Reflection of dietary clusters in metabolomic and fatty acid profiles
Analysis of the fatty acid concentrations as a percentage of total fatty acids indicated that cluster 3 had significantly higher oleic acid (18:1), c-linoleic acid (18:3n26), docosapentaenoic acid (DPA; 22:5n23) and total monounsaturated fatty acid (MUFA) than did the other 2 clusters (Table 2 ). Comparing fatty acid concentrations in micrograms per milliliter across dietary clusters showed similar differences (data not shown).
The initial PCA of 1 H NMR urinary data showed 6 outlying samples. The NMR spectra were inspected, and it was noted that these spectra were of poor quality or had poor water suppression. As a result, these samples were removed from further analysis. A representative PCA plot that showed separation on the basis of the 3 dietary clusters was depicted (see supplemental Figure 1 under "Supplemental data" in the online issue). To investigate this further, pairwise PLS-DA models were constructed for the dietary clusters, and valid models were obtained for all comparisons. A 3-component PLS-DA model was detected when comparing dietary cluster 1 and dietary cluster 2 (see supplemental Figure 2 under "Supplemental data" in the online issue for a presentations of these results). The strongest model was obtained for comparison of dietary clusters 1 and 3 ( Figure 1 ). In addition, comparisons of these 2 clusters were most interesting from a dietary perspective. Specifically, clusters 1 and 3 had the highest and lowest intakes of 9 different food groups. For this reason, we focused our detailed analysis on these 2 clusters. An external validation of the PLS-DA model that compared clusters 1 and 3 indicated that 67.7 6 4.2% of samples were classified correctly. The VIP was calculated for each variable, and the most important metabolites (VIP .1.5) responsible for the discrimination are presented in Table 3 . Concentrations of glycine, phenylacetylglutamine, and actetoacetate were significantly higher in cluster 1, whereas concentrations 1 All values are means 6 SDs. Dietary clusters were determined from food-intake data by using k-means cluster analysis. P values were based on ANOVA. Superscript letters adjacent to food-group values denote significant differences between indicated clusters. 2 The lowest intake in which the intake of a given food group was significantly different across clusters (P , 0.05). 3 The highest intake in which the intake of a given food group was significantly different across clusters (P , 0.05). 4 Examples of savories include pizza, quiche, and instant noodles.
of trimethylamine N-oxide (TMAO), O-acetylcarnitine, and nndimethylglycine were higher in cluster 3 ( Table 4 ). Similar models were obtained by only using preintervention data. Linear regression analysis highlighted significant relations between specific metabolomic biomarkers and actual food intakes. The urinary phenylacetylglutamine concentration was shown to be positively associated with vegetable intake (b = 0.222, P , 0.01). To examine this relation in more detail, all subjects were categorized according to percentiles of vegetable intake (g). The relation between vegetable intake and urinary phenylacetylglutamine is illustrated in Figure 2 and showed that the phenylacetylglutamine concentration increased with increasing vegetable intake (P = 0.014). There was a positive association between the O-acetylcarnitine concentration and red-meat intake (b = 0.312, P , 0.001). Subjects were classified according to percentiles of red-meat intake. Statistical analyses showed a significant difference in the urinary O-acetylcarnitine concentration across percentiles of meat intake (P = 0.03); the O-acetylcarnitine concentration increased with increasing redmeat intake ( Figure 3) . The classification of subjects into nonconsumers of red meat and high consumers of red meat (143 g red meat/d) was performed, and receiver operating characteristic analysis revealed that O-acetylcarnitine had a specificity and sensitivity of 81.8% and 80.0%, respectively. In addition, the comparison of fatty acid profiles across percentiles of red-meat intake showed significant differences in oleic acid (18: 1) (P = 0.008) and total MUFA (P = 0.012) concentrations.
The initial PCA of the 1 H NMR plasma data showed 3 outlying samples. NMR spectra of these outlying samples were inspected. Two of the outlying samples had poor-quality spectra and the third sample had poor water suppression. All 3 samples were removed from subsequent analysis. The PCA was repeated, and the first 2 principal components accounted for 60% of the variation in data. The PLS-DA analysis revealed a model for comparison of dietary patterns 2 and 3. The cross-validation 1 Dietary clusters were determined from food-intake data by using k-means cluster analysis. P values are based on ANOVA. Chi-square analysis indicated a significantly different distribution of men and women between clusters. Significantly different plasma FAs are expressed as a percentage of total FAs. Superscript letters adjacent to nutrient intakes denote significant differences between indicated clusters. NSPs, nonstarch polysaccharides. H nuclear magnetic resonance urine data of dietary cluster 1 (n) compared with dietary cluster 3 (h). Dietary clusters were determined from food-intake data by using k-means cluster analysis. t [1] , PLS component 1; t [2] , PLS component 2.
highlighted that this was a weak model (55.2 6 2.8%), and hence it was not pursued any further.
DISCUSSION
Three distinct dietary patterns were identified in the study population by using k-means cluster analysis on the basis of the percentage contribution to the total energy intake of 33 food groups. The 3 dietary patterns identified were associated with unique food intakes and differed in aspects of their nutrient intake profiles. Cluster 1 had a favorable food intake profile with the highest intakes of vegetables, wholegrain breads, and fish. However, this was combined with high intakes of confectionary and desserts. Cluster 2 had a significantly higher fruit intake that was reflected in their nutrient intake profiles with significantly higher intakes of some key micronutrients including potassium, magnesium, and vitamin C. Cluster 3 was the unhealthiest of the dietary patterns with high intakes of meat products, white bread, butter, and preserves and lower intakes of fruit, vegetables, and whole-meal bread.
Investigations of dietary patterns typically identify 2 to 6 groups that share food or nutrient intake profiles. For example, a similar study that used a larger representative sample of the Irish population (n = 1379) identified 6 dietary clusters (19) . Within this study, 3 patterns emerged as follows: healthy (high percentage contribution to the total energy intake from whole-meal bread, breakfast cereals, yogurts, low-fat spreads, vegetables, fruit, fish, poultry, and low-energy beverages), unhealthy (high percentage contribution to the total energy intake from chips, fruit juices, meat products, sugars and preserves, savory snacks, and high-energy beverages), and traditional Irish (high percentage contribution to the total energy intake from white bread, whole milk, eggs, butter and spreads, potatoes, red meat, and confectionery). An earlier study (n = 1473) identified 3 similar patterns as follows: a prudent diet pattern (healthy), an alcohol and convenience foods pattern (unhealthy), and a traditional Irish pattern (20) .
Although patterns will never be exactly the same across studies, it is apparent from the current study and previously published data (19, 20) that certain foods cluster together repeatedly within the Irish population. For example, cluster 3 described in this research exhibited characteristics of the unhealthy and traditional diets described in older studies. In addition, clusters 1 and 2 displayed characteristics of the healthy pattern described previously. Although clusters 1 and 2 represented a healthy type diet, they seemed to differ in eating behaviors; cluster 2 had a higher intake of foods often associated with light meals, whereas cluster 1 consumed foods associated with larger meals.
The dietary patterns were reflected in the fatty acid and metabolomic profiles. Cluster 3 had significantly higher oleic acid, c-linoleic acid, DPA, and total MUFA concentrations compared with other clusters. Measuring dietary fat intake is particularly difficult because of the different types of dietary fats and the difficulty subjects have in recognizing and reporting hidden fats. For this reason, previous studies have investigated the use of plasma fatty acid profiles as biomarkers of dietary intake (21) (22) (23) ). In the current study, dietary cluster 3, which was a dietary pattern associated with relatively high intakes of meat and meat products, had significantly higher plasma concentrations of DPA; previous studies have shown a positive correlation with the platelet phospholipid DPA concentration and meat consumption (23) . Typically, oleic acid is associated with olive-oil intake (18); however, in regions where olive oil consumption is low, a relation between oleic acid and meat intake has been identified (22) , which was confirmed in the current study. Also, oleic acid is the primary MUFA in beef (24) , and a recent dietary intake survey of Irish adults indicated that the greatest contributor to MUFA intakes was fresh meat (25) . Overall, the current results highlighted the potential role for plasma fatty acid profiles as biomarkers of habitual dietary pattern intake.
In a broader sense, an accurate dietary assessment requires the consideration of genetic, analytic, environmental, and lifestyle factors. Evidence exists indicating that metabolomics could be valuable in this respect. For example, early metabolomic studies revealed population differences in profiles of subjects living in different countries that were thought to be reflective of dietary and cultural influences (26, 27) . More recently, a large retrospective study identified differences in urinary metabolomic profiles across 4 regions (China, Japan, United Kingdom, and United States); again, discriminating metabolites were predominantly of dietary origin (28) . Furthermore, Japanese living in Japan and Japanese Americans differed in their urine metabolic profiles, which indicated that metabolomics has the capacity to differentiate populations with similar genetic backgrounds but varying dietary and lifestyle habits. Despite the available evidence for a potential role, there is a lack of published literature that reported the application of metabolomics in characterizing habitual diet. To our knowledge, the current study was the first of its kind to identify links between actual dietary intake patterns obtained from cluster analysis and corresponding metabolomic profiles.
The key metabolites in urine responsible for the separation of dietary clusters 1 and 3 were TMAO, glycine, O-acetylcarnitine, and phenylacetylglutamine. Previous metabolomics studies have reported higher TMAO and acetylcarnitine excretions along with other metabolites in an intervention study after a high-meat diet (29) . This finding was echoed in a recent study that compared individuals who normally consume a lacto-vegetarian diet (including plant foods and dairy) and individuals who consume an omnivore diet (including all food groups). Cluster 3 had higher intakes of meat and meat products and higher urinary concentrations of O-acetylcarnitine. Further analysis across percentiles of red-meat intake showed that the O-acetylcarnitine concentration increased with increasing red-meat intake, which indicated its potential use as a biomarker of habitual meat intake. In addition, the receiver operating characteristic analysis revealed that the O-acetylcarnitine concentration had a high sensitivity and specificity as a marker of red-meat consumption.
In a study that compared vegetarians and omnivores, glycine was identified as another metabolite responsible for the separation of urinary profiles; vegetarians excreted higher concentrations of glycine. In the current study, glycine was identified as an important variable in the differentiation of dietary clusters with higher concentrations evident in urine profiles from dietary cluster 1. The defining characteristics of dietary cluster 1 included a higher consumption of wholegrain breads and vegetables and lower consumption of meat products, poultry, and poultry dishes. Phenylacetylglutamine, which is a product formed by the conjugation of phenylacetyl-coenzyme A with glutamine (31, 32) , was also elevated in urinary profiles from dietary cluster 1. Phenylacetate, which is required for the formation of phenylacetyl-coenzyme A, could arise from the endogenous synthesis via b-oxidation of phenylbutyrate or phenylalanine metabolism (33) or through the exogenous intake from phenylacetic acid that contains plant-food sources (34) . Data from the current study revealed that the urinary phenylacetylglutamine concentration was positively associated with vegetable intake that coincided with the higher vegetable consumption characteristic of dietary cluster 1. These results suggested that the phenylacetylglutamine concentration in urine may be a useful biomarker of vegetable intake.
In conclusion, the current study identified 3 distinct dietary patterns in a homogenous sample of healthy Irish adults. One pattern resembled a traditional unhealthy diet, whereas the other 2 patterns had features of healthier type diets but differed in eating behaviors. Dietary patterns were reflected in plasma fatty acid and 1 H NMR metabolomic profiles. The identification of these nutritypes (ie, metabolic profiles that reflect dietary intake) has the potential to aid dietary assessment by unobjectively classifying people into certain dietary patterns. However, for this to be realized, further work on larger and more diverse cohorts is needed. In the current study, the combination of dietary pattern analysis and metabolomic profiles led to the identification of potential markers of meat and vegetable intake. To date, metabolomics has proved successful in several areas of nutritionrelated research by identifying diet-related metabolites in persons 1) from different regions of the world, 2) with similar genetic backgrounds living in different countries, and 3) with different dietary preferences (28, 35) . With the addition of the results from the current study, which linked habitual dietary intake with characteristic metabolomic profiles, the potential for metabolomics in dietary assessment has been amplified. When combined with previous studies, these findings support the use of metabolomics in nutritional research and strengthen the
